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Background. In the United States, emergency departments (EDs) are constantly pressured to improve operational efficiency and
quality in order to gain financial benefits and maintain a positive reputation. Objectives. The first objective is to evaluate how
efficiently EDs transform their input resources into quality outputs. The second objective is to investigate the relationship
between the efficiency and quality performance of EDs and the factors affecting this relationship. Methods. Using two data
sources, we develop a data envelopment analysis (DEA) model to evaluate the relative efficiency of EDs. Based on the DEA
result, we performed multinomial logistic regression to investigate the relationship between ED efficiency and quality
performance. Results. The DEA results indicated that the main source of inefficiencies was working hours of technicians. The
multinomial logistic regression result indicated that the number of electrocardiograms and X-ray procedures conducted in the
ED and the length of stay were significantly associated with the trade-offs between relative efficiency and quality. Structural ED
characteristics did not influence the relationship between efficiency and quality. Conclusions. Depending on the structural and
operational characteristics of EDs, different factors can affect the relationship between efficiency and quality.

1. Introduction

In the United States, emergency departments (EDs) are
constantly pressured to improve operational efficiency. As
the “safety net,” they provide access to treatment 24 hours
per day, seven days per week. Unlike a medical clinic, this
emergent care is usually unscheduled and the cost for
readiness is high. Importantly, EDs use a substantial amount
of these resources for uncompensated care [1]. The Centers
for Disease Control and Prevention (CDC) reported that
about 20% of all patients, who visited at least one ED, were
uninsured [2]. The Centers for Medicare and Medicaid
Services (CMS) indicated that nearly 50% all emergency
services are uncompensated, and 55% of an emergency
physician’s time is spent providing care to uninsured or
underinsured patients [3]. With high overhead and excessive

uncompensated care, EDs must maximize the utilization of
their resources.

EDs are also under increasing pressure to improve the
quality of care delivered. Over the last two decades, the num-
ber of annual ED visits has risen by 44%, while the number of
hospital EDs has decreased by 11% [4]. This disequilibrium
between supply and demand of healthcare has caused ED
overcrowding problems, such as long wait times, patients
leaving without being seen (LWBS), and frequent ambulance
diversions [5, 6]. Attempting to address quality, insurance
companies and healthcare-related government agencies
(e.g., CMS) have defined key measures for EDs and have
encouraged EDs to collect and report these measures [7].
Using these quality measures, external healthcare organiza-
tions provide hospitals with financial incentives or penal-
ties based on ED performance [8, 9]. Some ED quality
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performance data is also released to the public to address
transparency and to help customers evaluate hospitals
and providers. In order to gain financial benefits and
maintain a positive reputation, EDs need to provide higher
quality care than their peer groups.

Simple ratios of inputs to outputs or average costs have
primarily been used when analyzing hospital performance
[10, 11]. These measures are popular because of their sim-
plicity to calculate and compare to benchmark measures.
While these simple measures can provide useful information
for individual organizations, they can often give biased,
inconsistent information if different organizations are com-
pared and multiple inputs and outputs are considered [12].

Data envelopment analysis (DEA) is a technique that
overcomes the limitations of ratio-based analysis for measur-
ing relative efficiency. This technique incorporates multiple
inputs and outputs and evaluates performance among a set
of peer groups [13]. DEA also permits organizations to
identify efficiency frontiers and evaluate the magnitude of
divergence from best practice, not from the average shown
by regression analysis [14]. Several studies have shown the
advantages of using DEA for measuring efficiency over
regression analysis [15, 16] and ratio-based analysis [17, 18].

Since Nunamaker’s first application of DEA in health-
care [19], the method has been broadly employed for
efficiency evaluation of various decision-making units
(DMUs) in healthcare. Studies have used DEA to evaluate
the efficiency of hospitals [20–26]. It has also been used to
compare efficiency performance between academic and
nonacademic hospitals and “for profit” and “not for profit”
hospitals [14, 27]. DEA has also been adopted to investi-
gate the efficiency of individual physicians and understand
factors associated with best practice [28–30].

Some studies have investigated trade-offs between hospi-
tal efficiency and quality using DEA. Clement et al. [31] and
Valdmanis et al. [32] studied how undesirable outcomes,
such as patient mortality and patient safety, negatively affect
hospital efficiency. Both studies showed that lower efficiency
is associated with poorer quality outcomes. In other words,
the study results indicated that in order for less efficient
hospitals reduce their undesirable outcomes, they must use
their resources more efficiently. Therefore, their relative
efficiency improves. Nayar and Ozcan [33, 34] assessed the
relationship between hospital efficiency and quality by using
quality measures as outputs in DEA models. The findings of
these studies indicated that efficiency improvement can be
achieved without compromising quality.

The objectives of this study are twofold. The first
objective is to assess the relative efficiency of EDs with
respect to quality measures. In other words, we aim to
evaluate how efficiently EDs transform their input resources
into quality outputs. The second objective is to investigate
the relationship between the efficiency and quality perfor-
mance of EDs and the factors affecting this relationship.
Oftentimes, it is difficult to achieve both efficiency and
quality. Understanding the factors associated with this
relationship may help EDs develop improvement strategies
and assist external healthcare organizations in determining
incentive-based policies.

2. Methods

2.1. Data. This study combined two data sources to investi-
gate the association between ED efficiency and quality and
the factors affecting this relationship. The Emergency
Department Benchmarking Alliance (EDBA) data include
EDs that share their resource levels and operational measures
with their members for benchmarking and performance
improvement purposes. The CMS Hospital Compare (HC)
database provides a broad range of information on hospital
performance for recommended care. From the 2012 CMS
HC data, measures associated with ED quality of care were
extracted and linked to the 2012 EDBA data.

Of the EDs reporting to the EDBA and CMS, we excluded
the ones that had missing data for any of the elements used in
our models. We also excluded all pediatric EDs and adult
EDs that have overly high (>80,000 visits per year) and low
(<20,000 visits per year) patient volume to alleviate the
impact of outliers on results.

2.2. Data Envelopment Analysis. We performed DEA to
evaluate the relative efficiency of EDs, which utilizes a linear
programming solution technique. For our study, DMUs are
EDs that were included in the combined data. Among
various DEA models, this study used the variable returns-
to-scale (VRS) model, which was initially proposed by
Banker et al. in 1984 [35]. The DEA models may focus on
minimizing the use of inputs to produce given outputs
(input-oriented) or maximizing the level of outputs using
given inputs (output-oriented). This study developed an
input-oriented DEA model because we sought to evaluate
how efficiently EDs employed their key resources to optimize
various ED quality measures. The model’s findings are used
to determine the relationship between ED efficiency and
quality performance.

In DEA, we considerNDMU’s indexed by j = 1, 2, … ,N .
Inputs of DMUj are denoted by {xij i = 1, 2, … ,m′,m′ + 1, … ,
M j = 1, 2, … ,N), where i = 1, 2, … ,m′ are discretionary
input variables and i =m′ + 1,m′ + 2, … ,M are nondiscre-
tionary input variables. Outputs of DMUj are denoted by
{yrj r = 1, 2, … , R j = 1, 2, … ,N). We solve the following
linear programming problem N times to obtain the rela-
tive efficiency score of each DMU (θj):

minimize θ0 − ε 〠
m′

i=1
s−i + 〠

R

r=1
s+r , 1

subject to 〠
N

j=1
λjXij + s−i = θ0Xij0

, i = 1, 2, … ,m′, 2

〠
N

j=1
λjXij + s−i = Xij0

, i =m′ + 1, … ,M, 3

〠
N

j=1
λjYrj − s+r = Yrj0

, r = 1, 2, … , R, 4
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〠
N

j=1
λj = 1

λj ≥ 0, j = 1, 2, … , j0, … ,N 5

s−i ≥ 0 s+r ≥ 0, i = 1, 2, … ,m r = 1, 2, … , R

The objective function (1) seeks the minimum θ0 that
represents the proportional reduction applied to all
discretionary inputs of the DMU being evaluated (DMU0)
to improve efficiency. In (1), the term with a non-
Archimedean number (ε) is used to address the potential
problem with the possible presence of alternate optima and
inefficiency by maximizing the slacks (s+ and s−) without
altering the θ0 value. A DMUj is efficient if and only if θj=1
and all slacks are zero. Constraints (2)–(4) mean that the
linear combinations of the benchmarking group outperforms
or is the same as (θ0 Xj0

, Xj0
, Y j0

) where constraint (3) is
to incorporate nondiscretionary input variable [36].

This study employed four inputs and four outputs to
assess the relative efficiency of the EDs, and Table 1 depicts
the data elements. Inputs included the number of ED beds
including triage areas (BED), physicians’ working hours per
day (DOC), register nurses’ working hours per day (RN),
and technicians’ working hours per day (TECH). These
inputs are the most critical and expensive ED resources that
directly impact patient care. When performing DEA, it was
assumed that BED is a nondiscretionary variable because it
could not be adjusted at the discretion of ED managers, at
least in the short-term. Outputs included the following ED
quality measures: the rate of left without being seen (LWBS),
the percent of heart attack patients given percutaneous
coronary intervention within 90 minutes of arrival (PCI),
time patients who came to the ED with broken bones had
to wait before receiving pain medication (PAIN), and the
number of patient visits per day adjusted by patient severity
(PPD). LWBS, PCI, and PAIN are key quality metrics that
the CMS collects to evaluate the performance of EDs and
publishes online to help patients compare hospitals and
make informed decisions [37]. PPD was included because it
significantly impacts care provider workload, which affects
quality of care [38, 39]. It should be noted that the reciprocal
of the reported values is used for LWBS and PAIN because

lower values of these variables represent better quality of care
delivered, while DEA usually assumes that more outputs
contribute to higher efficiency.

2.3. Multinomial Logistic Regression. To understand whether
or not EDs that provide high quality of care also produce the
outputs in an efficient manner, we classified the EDs into four
categories based on their performance levels. High efficiency
refers to an efficient frontier ED (i.e., EDs with an efficiency
score equal to one, or θ∗ =1), whereas low efficiency refers
to an inefficient ED (i.e., EDs with an efficiency score less
than one, or θ∗ < 1). High quality refers to an ED whose
quality measures (LWBT, PCI, and PAIN) were all better
than the national mean (for each metric), whereas low quality
refers to an ED with at least one of the three quality measures
worse than its national mean. Hence, the EDs are classified
into the four categories as follows (depicted in Table 2): high
efficiency with high quality (category 1), high efficiency with
low quality (category 2), low efficiency with high quality
(category 3), and low efficiency with low quality (category 4).

We employed multinomial logistic regression to investi-
gate the relationship between ED efficiency and quality
performance and the factors affecting this relationship. EDs
in categories 2 and 3 deviated from EDs in category 1, either
for quality or for efficiency. However, EDs in category 4
significantly differed from those in category 1. To focus the
analysis on identifying ED characteristics that contribute to
compromised efficiency or quality, we included only the
EDs in the first three categories in the multinomial logistic
model. The response variable, ED performance or Y, can take
on any of m=1, 2, or 3 qualitative values (represented by
categories 1, 2, and 3, resp.). Let πij denote the probability
that the ith observation falls in the jth category of the
response variable; that is, πij ≡ Pr Yi = j , for j = 1, … ,m.
We have k=6 explanatory variables of interest, X1,… , X6,

Table 1: Inputs and outputs of DEA models.

Variables Definition

Inputs (x)

BED Number of licensed beds contained within the ED including triage rooms

DOC
Scheduled number of work hours per day of physicians (this does not include work hours of middle-level

practitioners and residents)

RN Scheduled number of work hours per day of registered nurses

TECH Scheduled number of work hours per day of technicians

Outputs (y)

LWBS
The ratio of the annual number of patients who leave prior to completion of treatment to the annual

number of patients whose visits are registered by the ED (%)

PCI Percent of heart attack patients who are given percutaneous coronary intervention within 90 minutes of arrival (%)

PAIN Time patients who came to the ED with broken bones had to wait before receiving patient medication

PPD
Sum of patients who present to the ED for service and are registered by the institution for one calendar year

divided by the number of days in the year

Table 2: Classification of EDs based on efficiency and quality.

Quality
High Low

Efficiency
High Category 1 Category 2

Low Category 3 Category 4
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on which the πij depend. These six regressors (described in
Table 3) represent operational and structural characteristics
of the EDs that may be associated with the relationship
between ED efficiency and quality performance.

This dependence between ED performance and the six
explanatory variables is modeled using a multinomial
logistic distribution:

πij =
exp γ0 j + γ1jXi1 +⋯ + γkjXik

1 +〠m−1
l=1 exp γ0l + γ1lXi1 +⋯ + γklXik

, for j = 1, … ,m− 1,

6

πim = 1− 〠
m−1

j−1
πij, for category m 7

In this multinomial logit model, there is one set of
parameters, γ0j, γ1 j, … , γkj, for each response category but
the baseline. The use of a baseline category (category 1 in
our model) is one way to avoid redundant parameters
because of the restriction, reflected in (7), that the
response category probability for each observations must
sum to one. Upon some algebraic manipulation, we get the
following model:

ln
πij

πim
= γ0j + γ1jXi1 +⋯ + γkjXik, for j = 1, … ,m− 1 8

The regression coefficients in (8) represent effects on the
log-odds of membership in category j versus the baseline
category m. These regression coefficients are estimated using
the method of maximum likelihood. Note that it is conve-
nient to impose the restriction ∑m

j=1πij = 1 by setting γm = 0
(making category m the baseline). This allows us to interpret
γkj as the effect of Xk on the logit of category j relative to
category 1 (baseline). In addition, we can form the log-odds
of membership in any pair of category j and j′ (other than
category m), where the regression coefficients for the logit
between any pair of categories are the differences between
corresponding coefficients for the two categories. Equation
(9) allows us to interpret γkj − γkj′ as follows: for a unit

change in Xk, the logit of category j versus category j′ is
expected to change by γkj − γkj′ units, holding all other
variables constant.

ln
πij

πij′
= ln

πij/πim

πij′/πim
= ln

πij

πim
− ln

πij′
πim

9

= γ0j − γ0j′ + γ1j − γ1j′ Xi1 +⋯ + γkj − γkj′ Xik

3. Results

After applying the exclusion criteria, this study used 148
EDs. Table 4 shows the descriptive statistics of the EDs
for some of the data elements. The average number of beds
was 32.9. On average, 224.7 work hours for RNs were
scheduled per day, while 50.08 and 71.9 work hours were
scheduled for physicians and technicians, respectively. The
average LWBS rate of the EDs was 2.18% in 2012, while
the minimum was 0.2% and the maximum was 14.6%. Of
the three procedures (EKG, CT, and XRAY), XRAY was
performed most frequently on average.

Figure 1 shows the distribution of relative efficiency
scores derived from VRS, the input-oriented DEA model
for the 148 EDs. The average efficiency score was 0.79, with
a standard deviation of 0.173. Of the 148 EDs, 39 EDs
(16.9%) achieved an efficiency score of 1 (efficient frontiers),
while 12 EDs (8.1%) and 48 EDs (32.4%) obtained relatively
high (0.9≤ θ< 1) and moderate (0.7≤ θ< 0.9) efficiency
scores, respectively. Seven EDs had a lower than 0.5 efficiency
score, where the lowest score was 0.34.

For the relatively inefficient EDs, it is important to
understand the source of inefficiency. Table 5 lists their

Table 3: Description of explanatory variables in econometric model.

Variables Definition

EKG (X1) Number of electrocardiograms (per 100 patients) conducted in the ED in 2012.

XRAY (X2) Number of X-ray procedures (per 100 patients) conducted in the ED in 2012.

CT (X3) Number of computerized axial tomography (CT) scans (per 100 patients) conducted in ED in 2012.

LOS (X4) Total ED patient length of stay in 2012.

HOSP (X5) Indicator for hospital type in 2012; academic = 1 and nonacademic = 0.

TRAUMA (X6) Indicator for whether or not hospital is a Trauma Center in 2012, trauma = 1 or nontrauma= 0.

Table 4: Descriptive statistics of the EDBA and CMS data.

Variable Minimum Maximum Mean Standard deviation

BED 12 75 32.90 12.85

DOC 24 192 50.08 20.59

RN 92 480 224.7 82.89

TECH 8 296 71.90 46.53

PPD 28 172 92.76 31.72

LWBT 0.2 14.6 2.18 1.70

PCI 95 100 96.91 3.94

PAIN 22 264 60.49 22.15

LOS 98 495 183.5 49.43

EKG 10 90 33.27 12.62

XRAY 11 76 55.34 13.92

CT 10 83 26.65 11.69
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average slacks for inputs (si
−∗) and amount of excessive

inputs (si
−∗ + (1− θ∗)xi). The average reduction percentage

indicates the average proportion of excessive input to total
input. Since BED was used as a nondiscretionary variable
in the model, it was not included in the table.

The main source of inefficiencies was TECH, while the
contributions of the other two inputs were not significantly
different. Among the three inputs, the slack in TECH was
observed most frequently in the EDs (80), and the frequen-
cies of slack in DOC (40) and RN (42) were about half of
TECH. On average, inefficient EDs had the greatest amount
of slack in technicians’ working hours (17.3 hours per day),
followed by both RNs’ (12.3 hours per day) and physicians’
working hours (2.64 hours per day). For the inefficient EDs
to come up to the efficient frontier, RN needed to be reduced
by 86.5 hours, TECH by 41.8 hours, and DOC by 19.4 hours.
However, the reduction percentages were similar between
DOC (32%) and RN (33%), since the EDs have a larger
amount of RN compared to DOC. The percentage was the
largest in TECH by 47%.

Table 6 provides a breakdown of the number of EDs that
fall into each of the four categories. The distribution of the
number of EDs was similar in categories 1, 2, and 3, while
about 55% of the entire EDs included in this study were
classified to category 4.

The multinomial logistic regression model output is
depicted in Table 7. From this regression output, we see that
these three statistically significant regressors (EKG, XRAY,

and LOS) affect ED performance in terms of the relation-
ship between relative efficiency and quality. For a unit
change in EKG, the odds of being in category 2 (high effi-
ciency with low quality) relative to category 1 (high efficiency
with high quality) are expected to increase by 19%, while
holding all other variables in the model constant. For a unit
change in EKG, the odds of being in category 3 (low effi-
ciency with high quality) to category 1 would be expected
to increase by 14%, while holding all other variables in the
model constant.

On the other hand, a one-unit increase in XRAY is asso-
ciated with a 17% decrease in the relative risk for being in cat-
egory 2 versus category 1 and a 16% decrease in the relative
risk for being in category 3 versus category 1, when holding
all other variables in the model constant.

For a unit change in LOS, the odds of being in category 2
over category 1 would be expected to slightly increase by a
factor of 1.05. A unit change in LOS is also associated with
a 4% increase in the relative risk for being in category 3 versus
category 1.

Contrary to our initial hypothesis, structural ED charac-
teristics, such as teaching status and trauma designation level,
did not influence the trade-offs between relative efficiency
and quality in EDs.
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Figure 1: Distribution of DEA scores.

Table 5: Slacks and excessive inputs from DEA model.

Slacks

DOC RN TECH

(s2
−∗) (s3

−∗) (s4
−∗)

Frequency (si
−∗ > 0) 40 42 80

Average amount of slacks 2.64 12.30 17.31

Excessive inputs

DOC RN TECH

Average amount 19.4 86.5 41.8

Average reduction percentage 32% 33% 47%

Table 6: Breakdown of ED category classifications.

Quality
High Low

Efficiency
High 21 EDs 18 EDs

Low 27 EDs 82 EDs

Table 7: Multinomial logistic regression model output.

Category/
factor

Coefficient
Relative risk

ratio
Standard
error

z p

1 (Baseline category)

2

EKG 0.17 1.19 0.07 2.36 0.01∗

XRAY −0.19 0.83 0.06 −2.91 0.00∗

CT −0.03 0.97 0.06 −0.43 0.66

LOS 0.05 1.05 0.02 2.21 0.02∗

HOSP 1.30 3.68 1.06 1.23 0.21

TRAUMA 1.59 4.88 1.03 1.54 0.12

(Intercept) −2 0.14 3.13 −0.64 0.52

3

EKG 0.13 1.14 0.07 1.94 0.05∗

XRAY −0.17 0.84 0.06 −2.79 <0.01∗
CT −0.05 0.96 0.06 −0.77 0.44

LOS 0.04 1.04 0.02 2.15 0.03∗

HOSP 0.77 2.16 0.99 0.78 0.43

TRAUMA 0.66 1.94 0.97 0.69 0.49

(Intercept) 0.05 1.05 2.87 0.02 0.98
∗Statistical significance at α = 0.05.
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4. Discussion

EDs collect performance measures to identify and manage
sources of variation in productivity and quality. Also, EDs
benchmark themselves by comparing their performance
to peer organizations. A direct comparison of individual
outcomes between EDs can result in biased conclusions.
A set of simple ratios of input to output can also lead to
inconsistent decisions, unless one organization outperforms
the other for all measures [40]. DEA helps address these
concerns by evaluating the relative performance of an
individual organization while simultaneously considering
multiple inputs and outputs.

The DEA results indicated that the majority of the EDs in
this study had less than optimal production processes. Our
results identified the main source of inefficiency as excessive
staffing hours. It was estimated that the inefficient EDs
needed to reduce technician staffing hours by 47% in order
to become efficient. Without fully understanding how these
providers function, it is difficult to operationalize this result.
For example, this may have occurred because some EDs
employed more technicians to replace some clinical and
nonclinical roles of nurse staffing. Nursing shortages con-
tinue to be a prolonged problem in the United States [41].
Since technicians can assist nurses with a variety of clinical
and nonclinical activities while costing EDs less money
than nursing staff, the EDs might have hired technicians
to fill nursing vacancies in a cost-effective manner. Interest-
ingly, the results also suggest inefficient EDs used 32-33%
excessive physician and nurse staffing to create the same level
of quality.

For more practical applications of this approach to ED
operational management, relative costs of staffing between
provider types should be considered. For example, a small
reduction in physician hours contributes a greater cost saving
because physician hours are significantly more expensive
than other staffing hours. Therefore, it would be more
cost-effective for inefficient EDs to explore alternatives
for excessive physician hours (e.g., increasing middle-level
practitioners) prior to managing RN or technician staffing
levels. Also, the inclusion of staffing costs in the DEA model
may result in different weights between inputs for DMUs,
which affects their efficiency score.

The ED classification based on efficiency and quality
performance showed that some EDs had trade-offs between
efficiency and quality. Among 145 EDs included in this study,
18 EDs utilized their capacity at the optimal level but did not
achieve the national average for one of the key quality
measures. These EDs could improve the timeliness of
emergency care if they had additional resources. On the
other hand, 27 EDs outperformed the national average in
the three quality measures but did not obtain technical
efficiency. These EDs may be under pressure to contain costs
in order to remain competitive.

To understand what may influence ED stratification
based on efficiency and quality, we performed a multinomial
logistic regression analysis that includes both operational and
structural factors. We hypothesized that different factors
are associated with increasing the odds of losing quality

(category 2) or efficiency (category 3). However, the results
presented that the same factors affected relative risk by
similar magnitudes. In particular, EDs that had a longer
LOS were more likely to lose their productivity or fail to
deliver timely care for patients with time-sensitive condi-
tions. This may be because LOS tends to be one of the
main drivers of hospital costs, which is proportional to
the inputs used in determining relative efficiency. Simi-
larly, an increase of LOS may indicate slower care, which
can eventually result in reducing quality of care.

The relative frequencies of critical tests in EDs were also
associated with ED performance. Interestingly, EDs that per-
formed more EKG procedures per 100 patients were more
likely to compromise either productivity or quality. However,
an increase in the number of X-ray tests per 100 patients
reduced the risk of losing either productivity or quality. The
CT test volume showed similar results to X-ray tests, but it
was not statistically significant. Further research is needed
to understand better why there are differences in the direc-
tion of the relationship between EKGs and X-ray/CT tests.

We also hypothesized that teaching status and the level of
trauma designation relate to the relationship between relative
efficiency and quality. Contrary to our initial hypothesis, the
structural characteristics of EDs did not affect sacrificing
efficiency or quality. This result implies that EDs can
improve their productivity and quality by focusing on reengi-
neering their operational processes to reduce waste in patient
flow. Advanced IT systems and standardized protocols may
help this improvement without the need to hire additional
care providers.

4.1. Limitations. This study has several limitations. First, the
EDBA and CMS data are self-reporting data, so the data is
subject to some inaccuracy that can affect DEA results. How-
ever, we believe that our data is trustworthy, since many EDs
collect data automatically through an information system
(e.g., electronic medical records) and report the data to exter-
nal organizations for incentive or accreditation purposes.

The inputs used in the DEA could be under- or overesti-
mated. The EDBA data included the scheduled working
hours of physicians, RNs, and technicians, and so it might
not represent actual worked hours and staffing level. For
example, it is possible that care providers were absent, left
their jobs, or worked overtime, and these changes were not
incorporated into the scheduled hours. However, we believe
that the variations do not greatly change the overall care pro-
vider working hours or impact our analysis.

The output PPD was adjusted by the CPT to consider the
different degrees of resources needed to care for patients with
various severity levels. However, the CPTmay not be the best
proxy to representing the overall severity of the patient pop-
ulation that EDs served. A better patient case-mix adjust-
ment may provide better results.

5. Conclusion

Timely care in the ED is crucial for better patient outcomes.
Providing timely care is also important for EDs as the
payment paradigm changes from fee-for-service payment to
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value-based payment. Collecting and reporting single mea-
sures on timely care can help EDs and external organizations
evaluate the performance of EDs and identify areas for
improvement. However, using various measures indepen-
dently can lead to biased conclusions. The DEA approach
can help overcome the limitation by providing a relative
performance of individual EDs compared to their peer
groups and incorporating key inputs.

This study showed that there could be trade-offs between
efficiency and quality. Efficient EDs do not always provide
high quality of care, and similarly, EDs providing high
quality of care do not always achieve technical efficiency.
Depending on the structural and operational characteristics
of EDs, different factors can affect the relationship. Currently,
the payment system associated with the ED performance
applies the same criteria to determine incentives or penalties.
However, policy makers may need to reflect the differences
between the EDs on the payment system so that EDs can be
evaluated more fairly and improve their system based on
their circumstances.

Conflicts of Interest

The authors declare that they have no conflicts of interest.

Acknowledgments

The authors would like to thank the Emergency Department
Benchmarking Alliance committee board for their permis-
sion to use ED data.

References

[1] American College of Emergency Physicians, “The Impact
of Unreimbursed Care on the Emergency Physician,”
2014, January 2016, http://www.acep.org/Clinical—Practice-
Management/The-Impact-of-Unreimbursed-Care-on-the-
Emergency-Physician/.

[2] T. Garcia, A. Bernstein, and M. Bush, Emergency Department
Visitors and Visits: Who Used the Emergency Room in 2007?,
Hyattsville, MD, 2010.

[3] American College of Emergency Physicians, “Costs of
Emergency Care Fact Sheet,” January 2016, http://newsroom.
acep.org/fact_sheets?item=29928.

[4] American Hospital Association, Trends Affecting Hospitals
and Health Systems, Chicago, IL, 2015.

[5] R. W. Derlet and J. R. Richards, “Overcrowding in the nation’s
emergency departments: complex causes and disturbing
effects,” Annals of Emergency Medicine, vol. 35, no. 1,
pp. 63–68, 2000.

[6] N. R. Hoot and D. Aronsky, “Systematic review of emergency
department crowding: causes, effects, and solutions,” Annals of
Emergency Medicine, vol. 52, no. 2, pp. 126–136, 2008.

[7] S. J. Welch, B. R. Asplin, S. Stone-Griffith, S. J. Davidson,
J. Augustine, and J. Schuur, “Emergency department opera-
tional metrics, measures and definitions: results of the second
performance measures and benchmarking summit,” Annals
of Emergency Medicine, vol. 58, no. 1, pp. 33–40, 2011.

[8] P. K. Lindenauer, D. Remus, S. Roman et al., “Public reporting
and pay for performance in hospital quality improvement,”

The New England Journal of Medicine, vol. 356, no. 5,
pp. 486–496, 2007.

[9] J. M. Pines, J. E. Hollander, H. Lee, W. W. Everett, L. Uscher-
Pines, and J. P. Metlay, “Emergency department operational
changes in response to pay-for-performance and antibiotic
timing in pneumonia,” Academic Emergency Medicine,
vol. 14, no. 6, pp. 545–548, 2007.

[10] P. Curtis and T. A. Roupas, “Health care finance, the perfor-
mance of public hospitals and financial statement analysis,”
European Research Studies, vol. 7, no. 4, pp. 199–212, 2009.

[11] C. A. Kerr, J. C. Glass, G. M. Mccallion, and D. G. Mckillop,
“Best-practice measures of resource utilization for hospitals:
a useful complement in performance assessment,” Public
Administration, vol. 77, no. 3, pp. 639–650, 1999.

[12] L. J. Donaldson,W. Kirkup, N. Craig, and D. Parkin, “Lanterns
in the jungle: is the NHS driven by the wrong kind of
efficiency?” Public Health, vol. 108, no. 1, pp. 3–9, 1994.

[13] W. W. Cooper, L. M. Seiford, and J. Zhu, Data Envelopment
Analysis, 2004, Springer US.

[14] W. W. Cooper, L. M. Seiford, and J. Zhu, Handbook on Data
Envelopment Analysis, Taylor & Francis, 2004.

[15] E. Thanassoulis, “A comparison of regression analysis and
data envelopment analysis as alternative methods for perfor-
mance assessments,” The Journal of the Operational Research
Society, vol. 44, no. 11, pp. 1129–1144, 1993.

[16] J. Cubbin and G. Tzanidakis, “Regression versus data envelop-
ment analysis for efficiency measurement: an application to
the England and Wales regulated water industry,” Utilities
Policy, vol. 7, no. 2, pp. 75–85, 1998.

[17] J. M.Wagner, D. G. Shimshak, andM. A. Novak, “Advances in
physician profiling: the use of DEA,” Socio-Economic Planning
Sciences, vol. 37, no. 2, pp. 141–163, 2003.

[18] S. Hao and C. C. Pegels, “Evaluating relative efficiencies of
veterans affairs medical centers using data envelopment, ratio,
and multiple regression analysis,” Journal of Medical Systems,
vol. 18, no. 2, pp. 55–67, 1994.

[19] T. R. Nunamaker, “Measuring routine nursing service
efficiency: a comparison of cost per patient day and data
envelopment analysis models,” Health Services Research,
vol. 18, no. 2, Part 1, pp. 183–208, 1983.

[20] H. Narci, Y. Ozcan, I. Sahin, M. Tarcan, and M. Narci, “An
examination of competition and efficiency for hospital
industry in Turkey,” Health Care Management Science,
vol. 18, no. 4, 2015.

[21] H. Kacak, Y. Ozcan, and S. Kavuncubasi, “New examina-
tion of hospital performance after health care reform in
Turkey: sensitivity and quality comparisons,” International
Journal of Public Policy, vol. 10, no. 4/5, pp. 178–194,
2014.

[22] L. O’Neill, “Multifactor efficiency in data envelopment analysis
with an application to urban hospitals,” Health Care Manage-
ment Science, vol. 1, no. 1, pp. 19–27, 1998.

[23] A. B. Wilson, B. J. Kerr, N. D. Bastian, and L. V. Fulton,
“Financial performance monitoring of the technical efficiency
of critical access hospitals: a data envelopment analysis and
logistic regression modeling approach,” Journal of Healthcare
Management, vol. 57, no. 3, p. 200, 2012.

[24] N. D. Bastian, L. V. Fulton, V. P. Shah, and T. Ekin, “Resource
allocation decision making in the military health system,” IIE
Transactions on Healthcare Systems Engineering, vol. 4, no. 2,
pp. 80–87, 2014.

7Journal of Healthcare Engineering

http://www.acep.org/Clinical---Practice-Management/The-Impact-of-Unreimbursed-Care-on-the-Emergency-Physician
http://www.acep.org/Clinical---Practice-Management/The-Impact-of-Unreimbursed-Care-on-the-Emergency-Physician
http://www.acep.org/Clinical---Practice-Management/The-Impact-of-Unreimbursed-Care-on-the-Emergency-Physician
http://newsroom.acep.org/fact_sheets?item=29928
http://newsroom.acep.org/fact_sheets?item=29928


[25] N. D. Bastian, H. Kang, L. Fulton, and P. Griffin, “Measuring
the effect of pay-for-performance financial incentives on
hospital efficiency in the military health system,” IIE
Transactions on Healthcare Systems Engineering, vol. 6, no. 1,
pp. 33–41, 2016.

[26] T. Ekin, O. Kocadagli, N. D. Bastian, L. V. Fulton, and P. M.
Griffin, “Fuzzy decision making in health systems: a resource
allocation model,” EURO Journal on Decision Processes,
vol. 4, no. 3, pp. 245–267, 2016.

[27] V. Valdmanis, “Sensitivity analysis for DEA models,” Journal
of Public Economics, vol. 48, no. 2, pp. 185–205, 1992.

[28] S. Andes, L. M. Metzger, J. Kralewski, and D. Gans, “Measur-
ing efficiency of physician practices using data envelopment
analysis,” Managed Care, vol. 11, no. 11, pp. 48–54, 2002.

[29] J. A. Chilingerian, “Evaluating physician efficiency in
hospitals: a multivariate analysis of best practices,” European
Journal of Operational Research, vol. 80, no. 3, pp. 548–574,
1995.

[30] Y. A. Ozcan, “Physician benchmarking: measuring variation in
practice behavior in treatment of otitis media,” Health Care
Management Science, vol. 1, no. 1, pp. 5–17, 1998.

[31] J. P. Clement, V. G. Valdmanis, G. J. Bazzoli, M. Zhao, and A.
Chukmaitov, “Is more better? An analysis of hospital out-
comes and efficiency with a DEAmodel of output congestion,”
Health Care Management Science, vol. 11, no. 1, pp. 67–77,
2007.

[32] V. G. Valdmanis, M. D. Rosko, and R. L. Mutter, “Hospital
quality, efficiency, and input slack differentials,” Health
Services Research, vol. 43, no. 5, Part 2, pp. 1830–1848, 2008.

[33] P. Nayar and Y. A. Ozcan, “Data envelopment analysis
comparison of hospital efficiency and quality,” Journal of
Medical Systems, vol. 32, no. 3, pp. 193–199, 2008.

[34] P. Nayar, Y. A. Ozcan, F. Yu, and A. T. Nguyen, “Benchmark-
ing urban acute care hospitals: efficiency and quality perspec-
tives,” Health Care Management Review, vol. 38, no. 2,
pp. 137–145, 2013.

[35] R. D. Banker, A. Charnes, and W. W. Cooper, “Some models
for estimating technical and scale inefficiencies in data
envelopment analysis,” Management Science, vol. 30, no. 9,
pp. 1078–1092, 1984.

[36] R. D. Banker and R. C. Morey, “The use of categorical variables
in data envelopment analysis,” Management Science, vol. 32,
no. 12, pp. 1613–1627, 1986.

[37] Agency for Healthcare Research and Quality, Improving
Patient Flow and Reducing Emergency Department Crowding:
A Guide for Hospitals, Rockville, MD, 2014.

[38] G. D. Innes, R. Stenstrom, E. Grafstein, and J. M. Christenson,
“Prospective time study derivation of emergency physician
workload predictors,” CJEM, vol. 7, no. 5, pp. 299–308, 2005.

[39] T. Campbell, S. Taylor, S. Callaghan, and C. Shuldham, “Case
mix type as a predictor of nursing workload,” Journal of
Nursing Management, vol. 5, no. 4, pp. 237–240, 1997.

[40] J. M. Pines, S. L. Decker, and T. Hu, “Exogenous predictors of
national performance measures for emergency department
crowding,” Annals of Emergency Medicine, vol. 60, no. 3,
pp. 293–298, 2012.

[41] American Association of Colleges of Nursing, “Nursing
Shortage,” 2014, March 2016, http://www.aacn.nche.edu/
media-relations/fact-sheets/nursing-shortage.

8 Journal of Healthcare Engineering

http://www.aacn.nche.edu/media-relations/fact-sheets/nursing-shortage
http://www.aacn.nche.edu/media-relations/fact-sheets/nursing-shortage

	Evaluating the Relationship between Productivity and Quality in Emergency Departments
	1. Introduction
	2. Methods
	2.1. Data
	2.2. Data Envelopment Analysis
	2.3. Multinomial Logistic Regression

	3. Results
	4. Discussion
	4.1. Limitations

	5. Conclusion
	Conflicts of Interest
	Acknowledgments

